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ABSTRACT
We present a new technique for the compression of remote-
sensing hyperspectral images based on wavelet transform
and zerotree coding of coefficients. In order to improve en-
coding efficiency, the image is first segmented in a small
number of regions with homogeneous texture. Then, a shape-
adaptive wavelet transform is carried out on each region,
and the resulting coefficients are finally encoded by a shape-
adaptive version of SPIHT. Thanks to the segmentation map
(sent as a side information) region boundaries are faithfully
preserved, and selective encoding strategies can be easily
implemented. In addition, by-now homogeneous region tex-
tures can be more efficiently encoded.

Key-words: Multispectral-image compression, wavelet trans-
form, SPIHT, object-oriented segmentation.

1. INTRODUCTION

Remote-sensing multispectral and hyperspectral images por-
tray large areas of the Earth at high spatial resolution and,
increasingly, on a large number of spectral bands. As a con-
sequence, they require huge resources for transmission to
the ground station, archival, and diffusion to the end users.
For this reason, much attention has been devoted in recent
years to the compression of such images, as testified by the
many papers appeared in the literature. The major focus has
been on transform coding, based on discrete cosine trans-
form (DCT), Karhunen-Loeve transform (KLT), or discrete
wavelet transform (DWT), followed by a suitable quantiza-
tion step.

Some of the most popular schemes are based on hybrid
transforms that treat differently spectral and spatial redun-
dancies. In [1], for example, a KLT is carried out in the
spectral domain, followed by a two-dimensional (2d) DCT
in the spatial domain. A similar scheme is considered in
[2] with the DWT playing the role of the DCT. The ratio-
nale behind the hybrid transform is the different nature of
the dependencies in the spatial and spectral domain. In fact,

Multispectral image

?

?

Segmentation

?

Map -

?

Region Coding

?

?

Map Coding

? Encoded data

Fig. 1. Region-based coding scheme.

along the spectral dimension, the signal depends almost ex-
clusively on the pixel land cover and hence, if only a few
land covers are present in the image, the KLT works fairly
well. In the spatial dimensions, on the contrary, the signal
depends on the scene geometry and is less predictable, with
many discontinuities near region boundaries. In this case,
the KLT becomes far from optimal, and DCT and DWT do
a better job.

These considerations shed light on the fact that the trans-
form coding approach, by itself, is ill suited to compress
this kind of images, and a deeper modeling effort is neces-
sary to fully exploit the data redundancies. In particular, it
should be recognized that a remote-sensing image is often
composed by a small number of regions with homogeneous
parameters (land-cover, texture, etc.). If such regions are
recognized and extracted, they can be separately encoded,
according to the general scheme of Fig.1, with a likely gain
in coding efficiency. The cost of side information, on the
other hand, is typically negligible, because a single segmen-
tation map must be encoded for all the bands of the image.

Of course, to implement region-based coding, several
challenging problems must be addressed, concerning the
segmentation, the lossless coding of the map, and the lossy
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coding of the region textures. In our research, the first re-
sults of which are reported in this paper, we resort to the
wavelet transform because of its simplicity and good com-
paction performance, followed by the SPIHT algorithm [3],
an efficient and flexible zerotree-based coding technique.
Shape-adaptive versions of both the WT and SPIHT have
been implemented, in order to encode regions of arbitrary
shape. In next section we describe in some detail the var-
ious tools proposed in the coding scheme, that is, the seg-
mentation algorithm, the lossless map coding technique, the
shape-adaptive wavelet transform, shape-adaptive SPIHT,
and the rate-allocation strategy. Then, in Section 3, we
present and comment some example experimental results.

2. THE CODING TOOLS

2.1. Segmentation
A meaningful segmentation of the image is of central im-
portance for the success of a region-based coding scheme,
but it is also a complex and largely unsolved problem. In
our application we have two requirements: on one hand, we
want each region to be formed by pixels of the same class,
so as to exhibit homogeneous statistics and increase the ef-
ficiency of subsequent encoding. On the other hand, we
would like to segment the image in a small number of large
regions, in order to have a simple map to encode, and to use
shape-adaptive transforms on nice regular shapes.

Such requirements are partially contrasting, since remote-
sensing images typically present a large number of small
regions and isolated points because of the sensor noise. A
relatively smooth map can be obtained by resorting to the
Bayesian approach, so as to include prior information in the
segmentation process In particular, we used the technique
proposed in [4], based on a tree-structured Markov random
field image model, which proved to be accurate and fast.
In addition, a few morphological operations were carried
out in order to eliminate small regions and smooth out con-
tours. An example of the results is given in Fig.2, where we
show a band of the original 256×256-pixel image (a), and
the segmentation map obtained with the MRF-based tech-
nique with morphological filtering (b). Although the final
map comprises only seven regions, not all of them are re-
ally homogeneous, as appears for example in the upper-left
region, which is composed of different kinds of fields and
even some woods. This will likely affect the final perfor-
mance, and the best compromise between smoothness and
homogeneity is still an open question, to investigate in fu-
ture research.

2.2. Map coding
After the segmentation map has been processed to smooth
contours and erase small regions, it can be coded without
loss of information at a limited cost. In the overall research

(a) (b)

Fig. 2. Original image (band 7) and segmentation map

project we are developing a contour tracer and encoder, in
order to represent efficiently the map and extract at the same
time significant geometric information for subsequent higher-
level applications, such as data-mining. For the time be-
ing, however, we use a simpler scheme based on adaptive
arithmetic coding. The K-ary map, with K the number of
regions, is first converted into a sequence of K − 1 binary
maps in order to reduce complexity. For each pixel, a causal
4-pixel neighborhood is used, with 3

4
= 81 possible con-

texts (a third symbol is needed to signal out-of-map neigh-
bors), reduced for simplicity to just five contexts based on
the count of zeros and ones, that is all-zeros, majority-of-
zeros, all-ones, majority-of-ones and mixed. For our smooth
maps, the vast majority of pixels have an all-zeros/all-ones
contexts, and are significantly compressed, leading to a neg-
ligible cost for map coding. Of course, this scenario could
change in case a more faithful map is used.

2.3. Shape-adaptive wavelet transform
Once the original image has been segmented in a set of
homogeneous regions, we compress the regions’ textures
by means of transform coding. In particular, we resort to
the wavelet transform to exploit its many appealing prop-
erties, first of all its ability to work on the whole image
and compact energy in a few coefficients, treating equally
well smooth regions and discontinuities. Of course, the ba-
sic transform must be adapted to operate on regions with
arbitrary shapes. A simple approach, already used in the
well-known shape-adaptive DCT, is to flush the pixels to
the left edge of the bounding box, apply 1d transform along
the rows, then flush again the coefficients to the upper edge
and transform the coefficient along the columns. This tech-
nique is very simple but changes the mutual position of pix-
els, thus reducing the correlation between transformed pix-
els and, in the end, the compaction ability of the transform.
Another possibility is to extend, with various strategies, the
signal in the bounding box outside the region of interest, but
the obvious drawback is the increase, possibly large, in the
number of coefficients to be later encoded.
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Recently, however, a new shape-adaptive wavelet trans-
form algorithm has been proposed by Li and Li (we re-
fer to [5] for a detailed description) which overcomes all
these problems. This transform operates “in place”, exploit-
ing the spatial locality of DWT coefficients. As a conse-
quence, it preserves the spatial correlation, locality prop-
erties of wavelet transforms, and the self-similarity across
subbands, which is at the core of zerotree-based coding al-
gorithms. In addition, the number of coefficients after trans-
form is the same as the number of pixels in the object, and
no redundancy is introduced. Finally, for a rectangular re-
gion the transform reduces to the conventional wavelet trans-
forms. For all these reasons Li and Li’s algorithm was in-
cluded in the MPEG-4 standard, and we use it in our coding
scheme, with the global subsampling modality [5].

2.4. Shape-adaptive SPIHT
SPIHT (set partitioning in hierarchical trees) is a well-known
zerotree-based algorithm for the progressive quantization of
wavelet transform coefficients [3]. It is simple, intrinsically
scalable, and very efficient, which is why it is one of the
most popular techniques for the compression of images and,
more recently, video. In addition, it can be readily modi-
fied to encode images of arbitrary geometry after a shape-
adaptive WT.

We introduced only two major changes with respect to
the basic algorithm. First, only “active” nodes, that is nodes
belonging to the support of the SA-DWT of the object, should
be considered while scanning a spatial orientation tree. This
information is available at the decoder since the segmenta-
tion map is sent without loss. The second modification con-
cerns the baseband, where coefficients cannot be grouped
anymore in 2×2 squares, as in the original algorithm, since
they are not always well defined anymore, and a single root
is considered instead.

Even though the encoding algorithm is readily modified
to account for the arbitrary geometry, its performance might
well suffer because of elongated or fragmented shapes, since
many bits could be spent to encode sparsely populated bran-
ches. This will be another key topic in future investigation.

2.5. Rate allocation
This is one of the most interesting and promising aspects of
region-based coding, since the allocation of resources to the
different regions could well be driven by the application or
even by the user itself in order to privilege certain areas over
the others. For example, in multitemporal images, one can
choose to encode (or decode) at higher rates only the areas
where temporal changes have been detected.

When the goal is only the minimization of the distortion,
we resort to the optimal Lagrangian approach, progressively
allocating resources to the various objects until the same
slope is reached on all rate-distortion curves.
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Fig. 3. Rate-distortion curves for proposed region-based
techniques and reference (3d-SPIHT)

3. EXPERIMENTAL RESULTS

In this Section we present a few sample numerical results.
Experiments are carried out on a 256x256 section of a 63-
band hyperspectral image (GER sensor) one band of which
was shown in Fig.2(a). The corresponding segmentation
map of Fig.2(b) has been encoded as described in Section
2.2 with a cost of 0.080 bit/pixel. As for the wavelet trans-
form, to obtain a good encoding efficiency, 5 levels of de-
composition are used in the spatial domain (Daubechies 9/7
filters), but only 3 in the spectral domain (Haar filters), be-
cause only 8 bands of the image are jointly encoded here.
Since a dyadic transform is not possible in this situation, we
work first in the spectral domain (all 3 levels) and then in
the spatial domain, obtaining a packet decomposition. Of
course, the SPIHT encoder will follow this subband struc-
ture. After encoding all objects, the optimal rate allocation
procedure was carried out to obtain the rate-distortion curve
reported in Fig.3. For comparison purposes, we also report
the rate-distortion curves of a state-of-the-art non shape-
adaptive (or “flat” in the following) technique, 3d-SPIHT
which is simply the flat counterpart of the proposed tech-
nique, with the same parameters.

At very low bit-rates shape-adaptive coding suffers be-
cause of the 0.01 bit/pixel/band (bpb) offset due to the side
information for map coding. However, starting from 0.1 bpb
it shows a significant improvement (always less than 1 dB,
anyway) that persists also at higher rates although beyond
0.4 bpb it seems to start decreasing. It is worth noting that
0.5 bpb can be considered a relatively high rate for hyper-
spectral images, because of the high degree of correlation
exhibited by the closely packed spectral bands.

The improvement in rate-distortion performance, how-
ever, is only one of the interesting features of the region-
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Fig. 4. Band 7 at 0.1 bpb with flat coding

based approach, and maybe not the most relevant. In fact,
segmentation singles out and encodes without loss of infor-
mation the region boundaries, which largely contribute to
the perceived image quality and, more important, are pre-
cious features for analysis and interpretation. With flat tech-
niques, instead, these non-stationary components require a
significant part of the overall bit budget and nonetheless are
poorly represented at low bit-rates. To gain insight about
this point, Fig.4 and Fig.5 show the test image encoded at
0.1 bpb by 3d-SPIHT, and by the proposed technique with
optimal rate allocation, respectively. Here, region-based
coding guarantees only a modest 0.6 dB increase in the SNR
but the improvement in the overall perceived quality is dra-
matic: as expected, the edges are more accurately repro-
duced without the blurring effect observed with 3d-SPIHT;
moreover, since many steep edges are removed thanks to
segmentation, many resources can be saved and devoted to
encode the textures in the regions’ interior which in fact ap-
pear much more faithful.

Another interesting feature of the region-based approach,
not shown here, is the freedom to allocate more resources to
regions of interest. Of course, the other parts of the image
will be barely encoded, but this could not be a problem for
applications where the user is only interested on a particular
region, maybe selected only by looking at the map.

In conclusion, the region-based approach seems very
well suited to the compression of multispectral and hyper-
spectral images. Although there is certainly room for further
improvements, the proposed coding scheme is already su-
perior to state-of-the-art techniques, and represents a more
flexible and feature-rich coding tool.

Fig. 5. Band 7 at 0.1 bpb with region-based coding
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